EPA's National Exposure Research Laboratory ( NERL ) has combined data from 12 U.S. studies related to human activities into one comprehensive data system that can be accessed via the Internet. The data system is called the Consolidated Human Activity Database ( CHAD ) and is available at http: / / www.epa.gov / nerl / . CHAD contains 22,968 person days of activity and is designed to assist exposure assessors and modelers in constructing populatioǹ`c ohorts'' of people with specified characteristics that are suitable for subsequent analysis or modeling. This paper describes the studies comprising CHAD and the various intellectual foundations that underlay the gathering of human activity pattern data. Next, it provides a brief overview of the Internet version of CHAD, and discusses how the program was formulated. Emphasis is placed on how activity -specific energy expenditure estimates were developed. Finally, the paper recommends steps that should be taken to improve the collection of activity data that would improve energy expenditure estimates and related information needed for physiologically based exposure ± dose modeling efforts.
Introduction
In general, toxicity associated with exposure to an environmental pollutant depends both upon biological factors intrinsic to an individual and the magnitude, duration, frequency, and pattern of the exposure event ( Jarabek, 1995) . Intrinsic factors include genetic susceptibility, general well -being and health status, reserve capacity, tissue volumes, and metabolic processes. These factors greatly affect the body's ability to internally transport, metabolize, and dispose of chemicals Ð including deposition, absorption, distribution, adaptation and hormesis, repair and homeostatis, and elimination ( Batterman and Franzblau, 1997; Hattis et al., 1999 ) . These processes are both concentration-and time -dependent.
The time series of exposure events affects the time pattern of dose rate received at the relevant portal of entry, and this rate often depends upon what an exposed person is doing at the time. Generally, a larger inhalation dose will be received by an exercising person than a sedentary one for the same pollutant concentration. Since active people also eat and drink more liquid per body weight to maintain their active lifestyle, they also have a higher probability of receiving a greater dose from dietary ingestion of food and water (McCurdy, 2000 ) . Presently, however, data do not exist to determine if an active person also receives a higher non -dietary ingestion or dermal absorption dose than a sedentary individual, since these two routes of exposure are not related to fundamental metabolic processes like the other routes are.
An exposure event occurs within a specific location, usually called a microenvironment (e ) in exposure modeling. People move in and out of e's as they go through their daily life. The sequential tracking of a person's activities as she or he moves through time and space is called a human activity pattern for that individual. Most often, these data are available only for 1 day for any one individual, although multiday data are available in a few instances. Activity pattern data have long been used by exposure modelers to simulate exposure and, less frequently, intake dose received by people inhabiting particular locations (Johnson and Paul, 1983; Ott et al., 1988; Lurmann and Colome Â, 1991 ) . Human activity pattern data have been obtained in a variety of ways, as discussed below, and most of the data relevant to exposure modeling have been incorporated into NERL's Consolidated Human Activity Database ( CHAD ) .
After a brief review of human activity pattern research, this paper describes the development and content of the CHAD database. Since NERL plans to update CHAD as new data become available, or as old data are``rediscovered,'' the paper also mentions future efforts to expand the database and make it more relevant to capturing children's hand -to -mouth activities, an important source of non-dietary ingestion in this population group ( Cohen -Hubal et al., 2000 ) . Finally, shortcomings in the current database with respect to integrating the various routes of exposure in a multi -media modeling approach are discussed.
Human activity pattern research and methods
The first non -occupational sequential human activity data gathering effort, called a``time budget,'' was conducted in 1923 in Moscow (Ottensman, 1972 ) . The first time budget study in the U.S. surveyed the use of time by farm housewives; it, too, was undertaken in the 1920s. A few activity pattern studies were undertaken in the early 1930s and in the 1950s, but it was not until the 1960s that research accelerated in activity assessment. For a succinct review of early studies, see Ott ( 1989 ) .
The disciplines of researchers interested in the subject vary. Sociologists, e.g., emphasize``obligatory '' and`d iscretionary'' activities and the social /psychological context within which activities occur (Chapin, 1974b (Chapin, , 1978 Shapcott and Steadman, 1978 ) . One of the most important of these practitioners, Dr. John Robinson Ð the principal investigator for both the CARB and NHAPS studies Ð authored a book entitled How Americans Use Time: A Social ± Psychological Analysis of Everyday Behavior (Robinson, 1977 ) . Urban geographers and urban economists gather human activity pattern data to understand the time /space structure of urban areas (Carlstein, 1982; Carlstein and Thrift, 1978; Goodchild and Jannelle, 1984 ) . Urban planners and transportation engineers obtain activity data to understand the temporal use of transportation systems and the dynamic relationships between land use and household time use ( Chapin, 1974a ) . These disciplines emphasize the distinction between stationary and mobile activities.
Finally, scientists involved in estimating and simulating human exposures to environmental pollutants became interested in activity pattern research in the 1980s ( Robinson, 1988; Robinson and Thomas, 1991; Robinson et al., 1989; Adair and Spendler, 1989; Lichtenstein and Wyzga, 1989; Schwab, 1989; Schwab et al., 1990a Schwab et al., , 1991 Schwab et al., , 1992 Stock and Morandi, 1989 ) . They emphasize proximity to potential sources of pollution, and Ð to a limited extent Ð the amount of time spent in e's with open windows and in activities involving high breathing rates (Johnson, 1984) . In this last aspect, human activity pattern assessment converges with physical activity assessment undertaken by both exercise physiologists and clinical nutritionists (see, e.g., Brun et al., 1985; Ballor et al., 1989; Adams, 1993; Maffeis et al., 1996; Avons et al., 1998 ) .
Human activity data gathering historically has been undertaken by two methods: a``real time'' diary carried by a subject or via a``recall'' method describing what a subject did yesterday (or for some other fixed time period in the past ) . The diary survey approach uses both paper and electronic instruments, and even pagers that require a subject to say what she or he is doing at that moment. The recall method uses an ex post facto paper survey form or a computer-assisted telephone interview. Most of the larger studies, such as the California and National activity surveys discussed below, employ the latter approach. Advantages and disadvantages of the two approaches have been debated since the 1960s ( Carlstein and Thrift, 1978 ) .
The exercise and nutrition fields also use the methods mentioned above, as well as mechanical measuring methods to identify periods of high activity. Prominent among these are``accelerometers,''``actometers,'' and heart rate monitoring (see citations above for examples ). Exercise and nutrition researchers have extensively evaluated the mechanical /electronic methods against diary recordings, other mechanical methods, and independent observations (e.g., Bradfield et al., 1969; Kemper and Verschuur, 1977; Saris and Binkhorst, 1977a,b; Geissler et al., 1986; Freedson, 1989 Freedson, , 1991 Kalkwarf et al., 1989 ) . There is a relatively dense literature on the comparability, precision, and accuracy of activity monitoring methods.
From an exposure assessment perspective, the most relevant human activity pattern studies combine the diary approach with personal exposure monitoring. NERL's two carbon monoxide ( CO ) studies discussed below are good examples, as are the studies described in Schwab et al. (1990b) and Stock et al. ( 1985 ) . Numerous other monitoring studies obtain e-specific data on concentrations and activities that occur within a e, but usually do not attempt to capture a subject's complete activity pattern for the specified monitoring period.
A new field of activity data gathering started in the mid1990s oriented toward obtaining information on hand -tomouth and related activities, usually for children ( Zartarian et al., 1995 ( Zartarian et al., , 1997a ( Zartarian et al., ,b, 1998 Reed et al., 1999 ) . These data are very important for understanding non -dietary ingestion and dermal absorption, but little information exists to quantify this type of activity . The data to date have been obtained from very small sample sizes and limited time periods. There is a definite need to integrate this type of information Ð now called``microactivity data'' Ð with the spatial /temporal information normally obtained in human activity pattern studies ( Cohen -Hubal et al., 2000 ) .
From this brief review, we can conclude that the field of human activity pattern assessment is epistemologically diverse. Practitioners come from unrelated disciplines. Perhaps for this reason, except for the exercise and nutrition disciplines, there is a rather weak theoretical basis underlying the gathering of activity data. Economists view time as a resource to be allocated based on personal consumption preferences. Sociologists see activities as a measure of social interaction preferences that can be used to refine social organizations. Geographers, planners, and transportation engineers view human activity as an outcome of either ( 1) a Markov process or (2 ) choice theory within an urban activity system (Ottensman, 1972 ) . Exposure assessors are primarily concerned with human activity pattern data as an input to an exposure model, describing whether anyone occupies a e of interest during an exposure event. This narrow perspective has given rise to a conceptual problem in the health risk assessment context that must change before exposure modelers can adequately address human health impacts associated with environmental exposures. The new emphasis on microactivity data is but one indicator of the paradigm shift occurring in the activity pattern field.
Overview of CHAD
CHAD contains 22,968 person days of activity. All ages and both genders are included in the database, and information regarding every activity undertaken during a day, and lasting for a minute or more, is included in sequential order. The day is defined to be midnight -to -midnight for each person in CHAD. Three types of data are available for each activity: a location code, an activity code, and an estimate of the metabolic (energy) cost of the activity. Thus, the data are structured to model the time sequence of acute exposures and intake doses up to a day in length. For modeling multiple day exposures, the user has to make assumptions and decisions regarding how individual daily data are to be combined or aggregated into longer, contiguous time periods. How that can be accomplished is outside the purview of CHAD.
CHAD uses 144 activity codes and 115 location codes, but data are not available for all of these items for all studies; therefore, both sets of codes are organized in a hierarchal manner so that detailed data can be used if available. Otherwise, an aggregated category (e.g.,``residence indoor'') must be used rather than more specific home information (e.g., a specific room in a house, such as the kitchen) . Energy expenditure estimates available for each activity in CHAD are in units of``METS'' ( explained below ). The METS estimates also account for``excess post -exercise oxygen consumption'' (EPOC ) , so that better accounting for energy expenditure after a strenuous exercise event can be accomplished.
CHAD is accessed via the Internet at http:/ / www.epa.gov / nerl. The user can query the data in HTML format, or can download it along with a built-in version of Microsoft's Access97 2 for use on a PC. In addition, all of the raw data from the 12 studies comprising CHAD can be obtained in ASCII format. A``User's Manual'' (Lakkadi and McCurdy, 1998; Stallings and Glen, 2000 ) that explains the CHAD database is available on the Internet home page.
It should be noted that CHAD does not contain any statistical analysis capability. It simply is a repository of information on activity data. A user interested in undertaking analyses of the data in CHAD has to download that part of the file of interest and input it into a statistical package of choice. While attaching an interactive statistical package onto CHAD could have been done, NERL thought that this might force users into using an unfamiliar analytic tool and thereby putting an unwarranted constraint on the database.
The development of CHAD
NERL started developing CHAD in 1997, assisted by ManTech Environmental Technology. The process began by obtaining human activity databases that the agency had been using (Johnson et al., 1992a ) , and by contacting over 40 knowledgeable EPA staff and other individuals to determine if additional data were available (Deyling, 1997 ) . Emphasis was placed on obtaining sequential, variable length (i.e., not fixed block ) activity information for specific individuals for at least 1 complete day. The surveys included in CHAD are listed in Table 1. NERL, or its predecessor organization, has sponsored the gathering of human activity pattern data since the early 1980s. These efforts include studies that collected activity pattern data along with personal monitoring information, such as the CO exposure studies in Denver (Johnson, 1984 ) and Washington, DC (Akland et al., 1985 ) , and the particulate matter (PM ) studies in Baltimore ( Williams et al., 2000 ) . NERL also sponsored the National Human Activity Pattern Survey (NHAPS ), a continental U.S. random probability sample of activities and potential pollution exposure locations (Klepeis et al., 1995; Tsang and Klepeis, 1996 ) . Other data in CHAD include two large, random probability activity pattern studies sponsored by California's Air Resources Board (CARB ), one for children and one for adults living in that State (Robinson et al., 1989; Wiley et al., 1991a,b; Jenkins et al., 1992 ) . Besides CHAD, the NHAPS and California data also are available from NERL's THERdbASE web site at http:/ / www.epa.gov / nerl /. Klepeis et al. ( 1995 ) , Tsang and Klepeis ( 1996 ) A national random probability survey National: NHAPS -B Hartwell et al. ( 1984 ) , Akland et al. ( 1985 ) Part of a CO PEM e study; 6 P ± D removed f Notes: a All studies included both genders. The age range depicted is for the subjects actually included; in most cases, there was not an upper limit for the adult studies. Ages are inclusive. Age 0 = babies < 1 year old. b The actual number of person days of data in CHAD after the``flagging'' and removal of questionable data. See the text for a discussion of these procedures. Retrospective: a``what did you do yesterday'' type of survey; also known as an ex post survey. Diary: a``real time'' paper diary that a subject carried as he or she went through the day. d Standard = midnight -to -midnight. e PEM = a personal monitoring study. In addition to the diary, a subject carried a small CO or PM 2.5 monitor throughout the sampling period. f P ± D removed = The number of person days of activity pattern data removed from consolidated CHAD due to missing activity and formation; completeness criteria are listed in the text. g A question was asked regarding which activities ( within each 6 h time block in the day ) involved``heavy breathing,'' lifting heavy objects, and running hard. h National Human Activity Pattern Study; A= the air version; B = the water version. The activity data obtained on the two versions are identical.
Another large database in CHAD is the national, random probability survey of children's activities conducted by the University of Michigan's Institute for Survey Research. These data are available on the Internet at http: / /www.isr.umich.edu / src /child-development /data /home.html. CHAD also includes a number of city -or region-specific activity pattern studies sponsored by non -governmental organizations. The largest of these is the Electric Power Research Institute's study in the Cincinnati metropolitan area (Johnson, 1989 ). This study has been used extensively by EPA's Office of Air Quality Planning and Standards (OAQPS ) in its exposure assessments of alternative national ambient air quality standards ( NAAQSs ) and``hazardous air pollutants'' (Johnson et al., 1987 (Johnson et al., , 1992b . It is particularly useful for its information on breathing rates associated with discrete activities and the association of window opening information with average daily temperature. Another cityspecific study in CHAD is from Valdez, Alaska, sponsored by the Alyeska Pipeline consortium ( Goldstein et al., 1992 ) . The final city -specific activity pattern database in CHAD comes from Los Angeles. That work was undertaken by Los Rancho Amigos Hospital researchers under contract to the American Petroleum Institute (Hackney et al., 1989; Linn et al., 1991; Spier et al., 1992; Shamoo et al., 1994 ) . The Los Angeles data are very informative because they explicitly relate activity pattern information with breathing rate observations.
It should be noted that many of the datasets were not available from their original researchers. Only the CARB, NHAPS, Baltimore, and Michigan datasets were readily available or were a part of EPA's THERdbASE system. The other datasets were available solely from OAQPS's exposure modeling contractors, particularly Jim Capel and Ted Johnson. The CHAD project could not have been completed without their expert assistance.
Datasets not having sequential, variable length activity data were inventoried, but Ð except for the recent personal monitoring study of the elderly in Baltimore Ð no attempt was made to obtain them for inclusion in CHAD. This part of the project uncovered a few studies that had the type of data desired for CHAD, but for one reason or another were not available to NERL. These studies include:
o the Arizona and``Region V'' NHEXAS ( a NERLsponsored National Human Exposure Assessment ) project studies Robertson et al., 1999 ) ; o the Maryland longitudinal time budget study ( Echols et al., 1999 ) ; and o the EPRI -sponsored studies of asthmatics (Roth Associates, 1988 Lichtenstein and Wyzga, 1989 ).
NERL will attempt, in the future, to obtain activity pattern data from these studies for inclusion into CHAD.
CHAD codes and quality control flags
The next step in developing CHAD involved deciding upon a common coding scheme that could be used across all candidate activity pattern studies. Most studies begun after the two 1982 ± 1983 EPA CO studies used an increasingly larger set of activity and location codes, with the NHAPS survey having a large and diverse categorization. In addition, NHAPS used a nested format in which main categories were subdivided into more explicit activities and locations. NHAPS codes were also quite similar to those used by CARB, so they were largely compatible. For these reasons, the NHAPS coding scheme was used as the starting point for CHAD.
Activity and location codes in CHAD are organized into a hierarchical, nested format ( Deyling, 1997 ) , and the full set of codes can be viewed in the``User's Manual'' available on the Internet home page. It should be noted that the verbatim activity descriptors that are part of the NHAPS database were not used for the CHAD code development effort. The descriptors are available in CHAD, however, and can be obtained via the``raw data download'' option in the program.
After developing the coding basis for CHAD, a set of quality control``decision rules'' was developed for the combined dataset to flag possible problems with information content. The need for these rules and flags arose from interviews with prospective users of the consolidated database. They wanted to be aware of questionable or unusual data, but they did not want to be prevented from exercising their own judgement regarding quality of a datum. Therefore, unusual data were flagged but not deleted. Also, data quality flagging schemes existed in several of the component databases, and it was decided to incorporate these into CHAD as much as possible. Thus, very little data were deleted from the consolidated part of CHAD and all of the original data were downloadable.
A subject day of data was deleted from the consolidated part of CHAD if it met at least one of the following criteria:
o the day had more than 4h of missing activity and location information; and o the day had more than six entries with a cumulative total of more than 2h of missing activity and location information.
Using these criteria, 281 person days ( < 1.3% ) of data were removed from CHAD. See Table 1 ,``Notes,'' for the accounting of removed data among the studies.
Quality flags were developed and used to highlight: (1 ) inconsistent activity /location pairs; (2 ) where an inference had to be made from the original data Ð usually a miscoding in the original dataset; ( 3) where there was at least a two times ( 2Â ) difference between morning and evening commuting times and that difference was >15 min; (4 ) if the person coded a``high'' breathing rate during the day; and, (5 ) where there were <1440 min of available information per sampled day ( Glen et al., 1997 ) . To make it easier for a user to judge the value of a particular day of data for an individual, CHAD provides daily totals for the following items: ( 1) hours of sleep recorded; ( 2) minutes of missing time; ( 3) minutes of time with an inconsistent activity /location pair; (4 ) the number of separate meals recorded; (5 ) minutes spent eating; (6 ) minutes of time with an``inferred'' activity or location; (7 ) minutes of time spent at a high breathing rate; and, (8 ) the duration of time Ð in minutes Ð of the longest activity recorded in the day ( Glen et al., 1997 ) . A full description of the flagging codes and criteria used is contained in the``User's Manual.''
Other data in CHAD
In its exposure modeling efforts, OAQPS has long used daily temperature information to subdivide daily activity patterns into seasonal categories ( Paul and Johnson, 1984 ) , as statistical analyses indicated that the time spent outdoors Ð among other activities Ð was related to maximum daily temperature. Thus, it is desirable to provide in CHAD pertinent meteorological information for every person day of activity in the database, even though it is available for only half of the studies shown in Table 1 . (No meteorological data were available for the CARB, NHAPS, University of Michigan, or Valdez studies, and the remainder only had daily temperature averages. ) Therefore, selected temperature and rainfall meteorological data were obtained from the National Climatic Data Center ( U.S. Department of Commerce ) for every person day of data in CHAD if two items were available: (1 ) date of the activity pattern survey, and (2 ) zip code or county name of the respondent's residence. If these items were missing or were not collected, no meteorological information is provided in CHAD for that person day. The meteorological data obtained were: daily average and daily maximum temperature ( 8F) , daily accumulated precipitation (rainfall or the water equivalent of snow, in inches ) , and the number of hours of precipitation on the diary day . Because dates of individual diaries were not provided for the Valdez survey and locations were not provided for University of Michigan respondents, meteorological data are not available for anyone participating in those studies at present. Since data exist for these items, NERL is making an effort to obtain the missing information; if obtained, CHAD will be updated to include them.
Body mass (weight ) is an important variable in understanding energy expended by an individual in undertaking daily activities. It also is an important determinant of lifestyle and subsequent activities that are undertaken, especially for people who are obese (Maffeis et al., 1996; Pratt et al., 1999 ) . However, body mass information was provided for only 7198 persons in the original activity datasets. Because of its critical importance, body mass, in kilograms, was estimated for every person in CHAD for which that datum was missing. The``exploratory'' approach developed by Burmaster and Crouch ( 1997 ) was used to estimate body mass from age and gender statistics available for 15,143 ( 65.9% ) respondents . Thus, a body mass estimate now is available for 22,341 (97.3% ) CHAD subjects. The Baltimore elderly study accounts for over one half of the 627 subjects without a body mass estimate.
The development of``activity level'' estimates for every discrete activity used in CHAD is described next, followed by a discussion of how these activity levels are affected over time by strenuous exertion.
METS
A MET, or``metabolic equivalent of work,'' is an energy expenditure metric used by exercise physiologists and clinical nutritionists to represent activity level. It is the dimensionless ratio of an activity -specific metabolic rate (energy expenditure ) to a person's resting, or basal metabolic rate ( BMR ) . METS data in CHAD are calculated from specified probability distributions that are assigned to each of the 144 activities; METS values range from 0.7 during sleep to almost 20 for intense exercise by trained athletes. METS ratios are used as they are less dependent upon personal characteristics, such as age, gender, and body mass, than absolute rates of energy expenditure or breathing rates associated with an activity. Absolute rates generally are expressed as oxygen consumption ( VO 2 , in units of ml min À 1 or ml min À 1 kg À 1 ) or as energy expenditure (kcal min À 1 or kcal min À 1 kg À 1 ). When an exposure analysis is being undertaken, a random selection from the specified distribution for each activity is made and a METS value from that distribution is assigned. When multiplied by BMR and the subject's body mass, the result is an activity -specific energy expenditure estimate in units of kilocalories per minute. It should be noted that BMR estimates are not currently part of CHAD. There are scores of BMR prediction equations available in the exercise and nutrition literature, and it is too restrictive to limit potential users of CHAD to a single approach. Thus, users must estimate BMR outside of CHAD and do the simple multiplication noted above to estimate activityspecific energy expenditure. ( A compilation of BMR prediction equations is available from the first author upon request. ) A method by which CHAD METS estimates can be used to model air, water, and food uptake rates suitable for multi -route exposure assessment is explained in McCurdy (2000 ) .
METS distributions found in CHAD were developed via a two -step process. First, activities for which METS estimates are available in the exercise literature werè`m apped'' onto activities used in CHAD. Such estimates are available in numerous articles that continually appear in journals such as The American Journal of Clinical Nutrition, Pediatric Exercise Science, and The American Journal of Sports Medicine. One particularly helpful article is Ainsworth et al. (1993 ) , a synoptic compendium of physical activities. This article contains METS estimates for hundreds of activities, and is used as a template for all activities that appear in CHAD. Alternative METS estimates found in other sources were keyed to the Compendium categories to provide a range of values for an activity.
An example perhaps can best illuminate this activity mapping step. It is for the Compendium activity:``aerobic dancing: low impact; dancercize'' a low rate. METS estimates from the literature are: 5.0 ( Ainsworth et al., 1993 ) and 3.9± 9.0 (Stephens and Craig, 1989; Jette Â et al., 1990 ) . The wide spread in these estimates for an activity is typical and reflects differences in methods used to estimate energy expenditure in exercising individuals, and, most importantly, differences in the individuals included in a given monitoring study. The activity itself ( low -impact aerobics) was mapped onto CHAD activity code 17130: Exercise. That code in CHAD is the only one that can be used to depict all types of non-sports active leisure, largely because more refined data are not available from the contributing activity pattern surveys.
A definite limitation of human activity pattern surveys is that they do not sufficiently differentiate among many activities of importance of exposure assessment, particularly high energy expenditure activities. Due to lack of more specific information, mapped onto CHAD code 17130 were the following activities found in the exercise and nutrition literatures (multiple METS estimates for a particular activity are separated by a semi -colon ):
o general aerobic dancing; dancercize at a medium rate:
6.0; 6.0 o high impact aerobic exercise: 7.0; 9.6 ±10. And there were 60 other named activities also assigned to the 17130 code, varying from stretching exercises to stationary cycling and stair exercises. While most of the METS estimates were in the 4.0 ±7.0 range, some went as high as 11.3 for a mapped activity. Thus, CHAD codes are not very descriptive of the wide range of exercise activities undertaken by people. A similar situation exists for CHAD code 17180: Other sports and active leisure. This code was used as a residual category to capture active (but nonexercise) activities that could not otherwise be classified by another code.
Before critiquing this situation further, we describe the second step of the METS development effort. This involved fitting a statistical distribution to the various METS estimates that were associated with each CHAD code. For code 17130, e.g., all of the approximately 70 METS estimates found for the mapped activities were entered into a file as a single number if that was what was presented or by 0.5 increments for estimates presented as a range. This was done to avoid underemphasizing estimates that presented a range of METS values; pragmatically, the incremental approach treated range estimates as a uniform distribution of point estimates. The 0.5``decision rule'' resulted in a sample size for the 17130 code of between 137 and 227 METS estimates for different age groups. Age is an important consideration, since the exercise literature emphasizes that older people do not exercise at the same METS level for the same activity as younger people. Thus, high -end METS estimates were truncated for people !40 at approximately 60% of the value used for 25 ±39 years old. For code 17130, METS were capped at seven for people !40, and were capped at the highest METS value presented in the literature for the other age groups. The same three age group distinctions were used for 12 high -exercise discretionary activities in the 17000``General Leisure'' category. All other CHAD codes are age -independent.
Statistical analyses of the mapped METS estimates were undertaken using Statgraphics 2 PC software. Distributions were fitted to the datasets and tested for significance using the Kolmogorov ± Smirnov ( K ±S ) one-sample test for goodness-of -fit ( at a p value <0.05 ). In general, after visual examination of the data, between one and four of the following standard distributions were tested: normal, lognormal, uniform, and triangular. Infrequently, an exponential distribution also was tested. It usually was obvious which distribution ( or two) would best fit the data, so not all four standard distributions were evaluated for every code. The Code 17130 activities did not follow any distribution very well. We could reject the null hypothesis (H 0 ) that the distribution for that code was normal, lognormal or triangular at p <0.05. The lowest K ± S test statistics was for the lognormal (p =0.070 ) for the < 25 age group, and was for the normal in the 25 ± 39 ( p= 0.082 ) and !40 ( p= 0.089 ) age groups. In all three cases, the data visually followed the distribution mentioned with heteroscedastic residuals. Thus, the distributions mentioned were chosen for the three age groups. A summary of the distributions developed for Code 17130 activities follows. The range information comes from the literature and is used in CHAD to bound, or truncate, METS sampling distributions so that unrealistic estimates cannot arise from their application.
Age group Distribution Parameters
Range n <25 Lognormal x g = 5.8; gsd =2.1 1.8 ± 11.3 213 25 ±39 Normal x =5.7; sd= 1.8 1.8 ± 11.3 227 !40 Normal x =4.7; sd= 1.2 1.8 ± 7.0 137
The above procedure was used for all CHAD activities, but not to the same extent, since most activities had far fewer mapped activities than Code 17130 and far fewer data points to fit. In a few instances, a CHAD activity was mapped to only one or two activities in the exercise literature. In that case, the CHAD activity generally was described by a point estimate or a uniform distribution.
Like the exercise codes, the work codes used in CHAD Ð and in the underlying activity pattern studies Ð are problematic from an energy expenditure standpoint. The CHAD work codes emphasize the sociologist's concern with what type of organization a person works for, and not what they do on the job. Thus, work codes in the studies underlying CHAD distinguish between a primary and secondary job, and the type of organization that the employee works for. These distinctions are irrelevant from an activity level /energy expenditure viewpoint. The same organization may employ people in both sedentary or active jobs. The type of work undertaken determines energy expended, not the organizational focus. For this reason, the survey background information available in CHAD for each respondent was used to assign every employed respondent to a U.S. Census occupational code, which themselves were mapped into the following categories:
o primarily sitting work with minimal lifting; o primarily sitting work with arm work ( operating machinery ); o primarily standing work with minimal lifting; o primarily standing work with moderate lifting/ arm work; o primarily standing work with heavy lifting /arm work; o primarily moving around work with minimal lifting; o primarily moving around work with moderate lifting; o primarily moving around work with heavy lifting; o forestry work; and o mining and heavy industry work.
A METS distribution was developed for each of these categories in the same general manner as described above for CHAD Code 17130, except that METS distributions were not differentiated by age for the occupational breakdowns.
Given the occupation and age distinctions used in CHAD, there are a total of 151 different METS distributions used in the database. Almost half, 71, are uniform distributions, even though this distribution was not used as a default, as is sometimes done, if nothing better could be found. The combination of the wide spread in METS estimates for a specific activity and the great number of activities that had to be assigned to a single CHAD code result in a rather undifferentiated distribution for many activities. The second most used distribution in CHAD is the lognormal (35 codes ), followed by the normal and the triangular with 15 codes each. There are eight exponential distributions and seven point estimates used for the remaining CHAD codes.
At this stage of development, the METS distribution assignment effort should be viewed as being preliminary in nature. More work is needed to better relate activity codes used in human activity pattern surveys to those long used by exercise physiologists and clinical nutritionists. ( The first author has made an attempt to do this, and such a compilation is available upon request. ) This situation forces the combination of rather disparate energy expenditure codes into activity categories used by activity pattern surveys. In some cases, as mentioned, this has made for some``odd bed fellows,'' particularly those associated with some activities of great interest to an exposure assessor. Thus, definitive and precise energy expenditure /METS distributions for activities modeled in many exposure analyses do not exist. As is the case with much of CHAD, however, if a user has better information, she or he can simply override the CHAD estimate with another value.
Strenuous activities: adjusting METS estimates
Two opposing effects are associated with a strenuous activity. One is that the maximum sustainable activity level drops as a person becomes tired. Figure 1 depicts the percentage of maximum work capacity Ð roughly equivalent to maximum oxygen consumption (VO 2 max ) or maximum energy expenditure Ð that can be sustained for a given duration. As seen, people can maintain only about 50% of their maximum work capacity after about 150 min of work. The explicit formula for the curve depicted in Figure 1 , a reorganized equation from Bink ( 1962 ) , is:
% VO 2 Max Sustainable 1:213 À log Time in minutes =3:1 (1962) explicitly states that this formula applies to energy expenditure as well as to oxygen consumption and Erb (1981 ) extends the concept to METS. We utilize this feature in CHAD to adjust METS estimates downward to account for unsustainable energy expenditure over time.
Bink
The next concept of importance is EPOC. EPOC arises because very strenuous activity results in an oxygen deficit due to undertaking work in an anaerobic mode ( see Figure  2 ). This deficit must be restored after a strenuous activity is completed, and it is done so via``recovery oxygen consumption'' ( another term for EPOC ) greater than that normally needed to sustain the post -exercise activity being undertaken. As much as 20± 30% of the energy requirement of an activity can occur after the activity ceases, so EPOC can be a significant component of the ventilatory requirement of exercise (Bahr and Maehlum, 1986 ) . This``extra'' energy expenditure should be accounted for in modeling intake dose in an risk assessment, or the dose received after exercise ceases will be systematically underestimated ( McCurdy, 2000 ) .
Both the downward adjustment of work capacity due to time and the increase in energy expenditure due to EPOC are considered in CHAD by adjusting activity -specific METS estimates ( Glen, 1999 ) . While the underlying functions of both adjustments are continuously varying in time and are best modeled using logarithms, the nature of the CHAD database requires that the units be presented differently. In CHAD, each activity lasts for a specific duration, during which the METS estimate is considered to be constant. This means that the continuous energy expenditure adjustment functions shown in Figures 1 and 2 must be represented in CHAD by a series of discontinuous step functions. These adjustments are based on tracking through time variables that represent the current maximum sustainable METS value, the current oxygen debt, and the current point along the debt recovery curve. Each activity is then checked to see if: (i) the METS value is sustainable; ( ii) if it increases Ð or adds to Ð an oxygen debt; and ( iii ) a current oxygen debt is reduced via EPOC. The approach used in CHAD to calculate these changing conditions is too lengthy to detail here. Glen (1999 ) provides a detailed explanation of the approach used, and it is part of the CHAD User's Manual on the Website.
An example of composite CHAD output appears in Table 2 . It shows METS estimates Ð with and without EPOC Ð for the last 17 activities in 1 day of a 7 -year-old male child. Two runs of the program are depicted to indicate the differences in METS that can be obtained for the same person and set of activities due to variability in the METS distribution associated with each activity class. Eight different distributions are needed for the activities depicted; parameters of the distributions are listed at the bottom of Table 2 . The two runs depicted are from a set of 100 made for the child day of activity shown. The daily PAI ( without EPOC ) estimates for these 100 runs vary from 1.58 to 2.05, with a median of 1.72. Using the PAI cutoffs discussed in McCurdy (2000 ) , the child would be classified as low active 69% of the time, moderately active 28% of the time, and active 3% of the time Ð even though the activity structure is the same. The distribution of the 100 PAI estimates does not follow any of the usual distributions (normal, lognormal, gamma, Weibull, etc. ). The rather wide variability in PAI values for the same person day of activity reflects the forced combination of disparate energy expenditure events into a single, broad activity code.
Summary
This paper highlights how NERL's CHAD database was developed. The Laboratory views CHAD as a vehicle to promote a metabolically consistent approach to intake dose modeling from multiple routes of exposure. The METS estimate obtained via sampling from explicit distributions for each activity is the key to this approach. Since a MET is a ratio of basal metabolism, many of the body mass and surface area differences associated with different genders and ages are minimized. In this manner, internally consistent multi -route risk assessments can be undertaken in a logical manner that maintains an individual's correlated intake dose for the individual routes of exposure.
As discussed in McCurdy (2000) , the use of fat -free mass (FFM ) instead of body mass as the anthropomorphic metric of concern minimizes age / gender differences even more, but FFM estimates are difficult to obtain. If users want such a metric, NERL may be willing to develop FFMbased estimates of activity-specific energy expenditure in the future.
However, as mentioned above, current human activity pattern surveys do not discriminate sufficiently among those activities that are important from an energy expenditure viewpoint. Too many activities of widely varying expenditures are lumped together in the survey questions and codes used in the various studies. These questions and codes must be reviewed to better capture real energy expenditure distinctions of currently lumped activities, such as``exercise,''``playing games,'' and``sports.'' Work -related activities also have to be better discriminated. On the other hand, many activities with the same energy level that currently are coded separately in CHAD can be combined Abbreviations: dist., distribution, see below; EPOC, excess post -exercise oxygen consumption; METS, metabolic equivalents of work: a multiple of basal metabolic energy expenditure. Basal metabolism METS = 1.00; min, minutes; PAI, physical activity index. PAI = weighted daily average of the METS estimates. Distributions: ( 1 ) Lognormal; x Å = 1.2 0.4; limits = 0.9 ± 2.3 ( The arithmetic mean and standard deviation are shown for the lognormal. ) ; ( 2 ) Lognormal; x Å = 6.6 3.2; limits = 2.0 ± 17.4. ( 3 ) Point estimate: 2.0; ( 4 ) Lognormal; x Å = 5.8 1.8; limits = 1.8 ± 11.3; ( 5 ) Uniform; x Å = 1.2 0.1; limits = 1.0 ± 1.3; ( 6 ) Triangle; x Å = 2.0 0.4; limits = 1.0 ± 2.9; ( 7 ) Uniform; x Å = 1.9 0.2; limits = 1.5 ± 2.3; ( 8 ) Lognormal; x Å = 0.9 0.1; limits = 0.8 ± 1.1. Source: CHAD runs of May 30, 2000. a The example is for a 7 -year -old boy ( PID CIN31363 ) on a summer weekday ( August 22, 1985 ) . His weight is 21 kg; the maximum daily temperature for the day was 778F and there was no rain. The example below starts with Activity 58 of 74 total; activities crossing a clock hour are divided into two activities. Notes: *EPOC makes a difference in the METS estimate for this activity.
into a larger class, since there is no real distinction among them with respect to breathing rate or energy expenditure. This is particularly true for passive activities, such as``read a book,''``read magazine /not ascertained,'' and``read a newspaper.'' These three CHAD codes all have the same METS distribution ( uniform: 1.0 ±1.6 ), following the activity literature (Ainsworth et al., 1993 ) . Unless there is a systematic relationship between one of these activities and a pollution source, it is efficient to combine them.
Human activity pattern studies have to be redesigned to better relate to exposure /intake dose models that use refined energy expenditure information. Since these models continually are becoming temporally and physiologically more refined, the exposure modeling field would greatly benefit from more precise activity pattern data. Finally, none of the activity pattern surveys collects data on microactivities that are important for understanding exposure to Ð and uptake of Ð some environmental contaminants, especially for children. Thus, there is the need to integrate the gathering of macro-and microactivity information, as explained in more detail in Cohen -Hubal et al. ( 2000 ) .
